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E-mail: clinnen@oeb.harvard.edu (C.R.L.)
Abstract.—Conifer-feeding sawﬂies in the genus Neodiprion provide an excellent opportunity to investigate the origin and
maintenance of barriers to reproduction, but obtaining a phylogenetic estimate for comparative studies of Neodiprion specia-
tion has proved difﬁcult. Speciﬁcally, nonmonophyly within and discordance between individual gene trees, both of which
arecommoningroupsthatdivergedrecentlyand/orrapidly,makeitimpossibletoinferaspeciestreeusingmethodsthatare
designed to estimate gene trees. Therefore, in this study, we estimate relationships between members of the lecontei species
group using four approaches that are intended to estimate species, not gene, trees: (1) minimize deep coalescences (MDC),
(2) shallowest divergences (SD), (3) Bayesian estimation of species trees (BEST), and (4) a novel approach that combines
concatenation with monophyly constraints (CMC). Multiple populations are sampled for most species and all four methods
incorporate this intraspeciﬁc variation into estimates of interspeciﬁc relationships. We investigate the sensitivity of each
method to taxonomic sampling, and, for the BEST method, we assess the impact of prior choice on species-tree inference.
We also compare species-tree estimates to one another and to a morphologically based hypothesis to identify clades that are
supported by multiple analyses and lines of evidence. We ﬁnd that both taxonomic sampling and method choice impact
species-tree estimates and that, for these data, the BEST method is strongly inﬂuenced by   and branch-length priors. We
also ﬁnd that the CMC method is the least sensitive to taxonomic sampling. Finally, although interspeciﬁc genetic variation
is low due to the recent divergence of the lecontei group, our results to date suggest that incomplete lineage sorting and
interspeciﬁc gene ﬂow are the main factors complicating species-tree inference in Neodiprion. Based on these analyses, we
propose a phylogenetic hypothesis for the lecontei group. Finally, our results suggest that, even for very challenging groups
like Neodiprion,a n underlying species-tree signal can be extracted from multi-locus data as long as intraspeciﬁc variation
is adequately sampled and methods that focus on the estimation of species trees are used. [Bayesian estimation of species
trees(BEST);concatenationwithmonophylyconstraints(CMC);gene-treediscordance;hybridization;introgression;lineage
sorting; minimize deep coalescences (MDC); shallowest divergences (SD).]
Comparative methods have the potential to detect
and explain generalities in the way organisms diversify;
however, their successful application to these questions
requires a priori evolutionary hypotheses, well-chosen
studyorganisms,androbustphylogeneticestimates.The
ﬁrst two requirements are met by conifer sawﬂies in the
genus Neodiprion Rohwer (Hymenoptera: Diprionidae).
Because they are strict host specialists and mate on their
host plant, multiple authors have argued that sympatric
hostraceformationmaybecommoninNeodiprion(Ghent
and Wallace, 1958; Alexander and Bigelow, 1960; Knerer
and Atwood, 1972, 1973; Bush, 1975a, 1975b; Tauber and
Tauber,1981;Strongetal.,1984).Inaddition,recentwork
suggests another reason why Neodiprion provides an ex-
cellent system to study the origin and maintenance of
barriers to reproduction: hybridization is common, yet
species have remained distinct in the face of gene ﬂow
(Linnen and Farrell, 2007, 2008). However, this work
also highlights a major challenge for using Neodiprion
in comparative studies of speciation: introgression and
incomplete lineage sorting make it difﬁcult to obtain a
phylogenetic estimate for the genus. These problems are
notuniquetoNeodiprionandareexpectedtobeprevalent
in any taxon that has undergone recent and/or rapid di-
versiﬁcation (Maddison, 1997; Funk and Omland, 2003;
Maddison and Knowles, 2006; Kubatko and Degnan,
2007; Belﬁore et al., 2008).
Most of the difﬁculties that are encountered when es-
timating phylogenies for recently diverged groups stem
from the fact that phylogenetic studies typically employ
methodologies designed to estimate gene trees, whereas
the history of interest is actually the timing and order of
speciation events, or the “species tree” (Maddison, 1997;
Edwards et al., 2007). Generally speaking, gene trees are
expected to resemble the species trees that contain them,
but incomplete lineage sorting and/or introgression can
cause gene trees to depart from the underlying species
treeintwoways:(1)individualgene-treetopologiesmay
notmatchtheactualorderofspeciationevents(andeach
other),and(2)genetreesmaycontainnon-monophyletic
species(Maddison,1997;HudsonandCoyne,2002;Funk
and Omland, 2003; Hudson and Turelli, 2003; Maddi-
son and Knowles, 2006). The ﬁrst of these problems,
gene-tree discordance, is generally dealt with by com-
bining data from multiple loci in the hopes of recovering
a dominant signal in the data, which is then assumed
to be the species phylogeny (either concatenation or
consensus tree approaches can be used for these pur-
poses; e.g., de Queiroz, 1993; Huelsenbeck et al., 1996;
Rokas et al., 2003; Gadagkar et al., 2005; Gatesy and
Baker, 2005; de Queiroz and Gatesy, 2007). Concatena-
tion and consensus tree approaches do not, however,
address the problem of inferring a species tree when
genetreescontainspeciesthatarenotreciprocallymono-
phyletic (Carstens and Knowles, 2007). A large number
of comparative studies at the species level avoid this is-
sue altogether by utilizing exemplar phylogenies (i.e.,
a single individual per species); however, failure to ade-
quatelysampleintraspeciﬁcvariationcanseriouslycom-
promisetheaccuracyofspecies-treeestimatesforclosely
related taxa (Funk, 1999). In order to extract phyloge-
neticinformationfromdiscordantgenetreesthatcontain
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non-monophyletic species, phylogenetic analyses must
take into account the species-level phenomena responsi-
ble for these patterns (i.e., stochastic lineage sorting and
introgression).
Several methods that incorporate stochastic lineage
sorting into the estimation of species trees have been
proposed. The simplest of these methods consider lin-
eage sorting but do not explicitly model it; two such
approaches are (1) ﬁnd the species tree that mini-
mizesthenumberofdeepcoalescences(Maddison,1997;
Maddison and Knowles, 2006) and (2) cluster species by
their most similar contained sequences (shallowest coa-
lescences;Takahata,1989;MaddisonandKnowles,2006).
These methods, along with a more recent maximum-
likelihoodapproachthatdoesincludeastochasticmodel
of lineage sorting (Carstens and Knowles, 2007), do not
consider potential error in gene-tree estimation. In con-
trast, a recently developed Bayesian method employs
stochastic models of nucleotide substitution and lineage
sorting to simultaneously estimate individual gene trees
and the species tree that contains them (Liu and Pearl,
2006, 2007; Edwards et al., 2007; Liu et al., 2008). Encour-
agingly, analyses of empirical and simulated data sug-
gest that these methods can accurately estimate species
trees, even when gene trees are discordant and incom-
plete lineage sorting is widespread. However, a critical
assumptionofthesemethodsisthattherehasbeennohy-
bridizationbetweenspecies;violationofthisassumption
may seriously degrade the accuracy of these methods,
even if gene ﬂow rates are low enough that the species
phylogeny is still fundamentally a branching process
(Maddison and Knowles, 2006; Carstens and Knowles,
2007; Knowles and Carstens, 2007; Edwards et al., 2007;
Liu and Pearl, 2007).
In Neodiprion, mitochondrial introgression has been
rampant,andbecausetheirhistoryisdominatedbygene
ﬂow, mitochondrial genes are unreliable for recover-
ing interspeciﬁc relationships (Linnen and Farrell, 2007).
In contrast, patterns of gene-tree concordance and es-
timates of locus-speciﬁc gene ﬂow rates suggest that
nuclear genes recover predominantly phylogenetic,
not introgressive, signal. Phylogenies estimated from
concatenated nuclear data are well resolved but are
difﬁcult to interpret because they contain multiple non-
monophyleticspecies(LinnenandFarrell,2007).Because
they explicitly consider lineage sorting, the species-tree
methods described above might be expected to improve
phylogeneticinferenceinNeodiprion.However,evenlow
levels of gene ﬂow may compromise the performance
of these methods. By low levels of gene ﬂow, we mean
that gene ﬂow is not high enough to erode differences
between species (i.e., Nm < 1; Wright, 1931) and most
within-species genetic variation is the result of ancestral
variation and novel mutation, not introgression.
In the absence of species-tree methods that explicitly
modelbothlineagesortingandintrogression,weemploy
a novel strategy to estimate a species tree for Neodiprion.
Speciﬁcally, we suggest a modiﬁcation of the concate-
nation approach that utilizes a priori species designa-
tions as monophyly constraints in order to allow the
inclusion of multiple individuals per species. This ap-
proach provides a way to deal with the ambiguity that
resultswhenanalysisofconcatenateddatarecoversnon-
monophyleticspecies(e.g.,CarstensandKnowles,2007).
The primary motivation for using this method over sim-
pler exemplar approaches (in which monophyly con-
straints are implied by the choice of exemplars) is that
it incorporates intraspeciﬁc variation into phylogenetic
analysis, which has been shown to increase the likeli-
hood of obtaining a topology that is concordant with the
species tree (Takahata, 1989; Rosenberg, 2002; Maddison
andKnowles,2006).Moreover,wechoosetoconcatenate
multi-locus data because this approach is expected to (1)
makemoreefﬁcientuseoflimitedgeneticvariationcom-
paredtoconsensusapproachesand(2)allowsharedphy-
logenetic signal to swamp out non-phylogenetic “noise”
thatstemsfromlineagesortingandintrogression(Kluge,
1989; de Queiroz et al., 1995; Baker and DeSalle, 1997;
Wiens, 1998; Lerat et al., 2003; de Queiroz and Gatesy,
2007).
In this article, we utilize multiple species-tree meth-
ods to obtain a phylogenetic estimate for the lecontei
group of the genus Neodiprion. Along with our “concate-
nation with monophyly constraints” (CMC) approach,
we use three methods that explicitly consider stochastic
lineage sorting but might be misled to varying degrees
by gene ﬂow between species: (1) “minimize deep coa-
lescences” (MDC; Maddison, 1997); (2) “shallowest di-
vergence” (SD; Takahata, 1989; Maddison and Knowles,
2006), and (3) “Bayesian estimation of species trees”
(BEST;LiuandPearl,2006,2007;Edwardsetal.,2007).We
donotusethemaximum-likelihoodapproachsuggested
by Carstens and Knowles (2007) because computational
constraintslimitthisapproachtoasmallnumberoftaxa.
We investigate the sensitivity of each of these four meth-
ods to taxonomic sampling by analyzing different sam-
ples of populations within species (Lecointre et al., 1993;
Philippe, 1997; Hedtke et al., 2006). We also evaluate the
impact of choice of priors on the BEST method. Finally,
we compare species-tree estimates obtained using these
diversemethodstooneanotherandtoamorphologically
based hypothesis (Ross, 1955) and, in light of these com-
parisons, discuss implications for Neodiprion phylogeny.
MATERIALS AND METHODS
Neodiprion Samples and DNA Sequence Data
With over 50 described species and subspecies,
Neodiprion Rohwer is the most diverse of 11 genera in
the conifer sawﬂy family Diprionidae (Hymenoptera:
Symphyta). In his 1955 revision of the genus, Ross di-
vided Neodiprion into two species groups based on mor-
phology (mesoscutellum sculpture) and geography. The
lecontei group is found only in eastern North Amer-
ica, the Caribbean (Bahamas and Cuba), and Central
America,whereasthesertifergrouphasaHolarcticdistri-
bution and appears to be most diverse in western North
America. Detailed study of many eastern Neodiprion
species (several of which are economically important
pests, Arnett, 1993) has resulted in a relatively stable878 SYSTEMATIC BIOLOGY VOL.57
taxonomy for the lecontei group (e.g., Ross, 1961; Becker,
1965; Becker et al., 1966, Becker and Benjamin, 1967;
Knerer, 1984; Smith, 1988; Knerer and Wilkinson, 1990).
By comparison, the sertifer group remains inadequately
studied (although some progress has been made, e.g.,
Sheehan and Dahlsten, 1985; Smith and Wagner, 1986),
and species boundaries and overall diversity are poorly
understood. Because the species-tree methods used in
this study require a priori species designations, the anal-
yses described here focus on the lecontei group. Previous
molecular phylogenetic studies have invariably recov-
ered the lecontei clade as a monophyletic group with
very high support (100% maximum-likelihood boot-
strap, maximum-parsimony bootstrap, and Bayesian
posterior probability; Linnen and Farrell, 2007, 2008).
Specimens included in this study were collected in the
United States and Canada in 2001 to 2004 as described
in Linnen and Farrell (2007), and identiﬁcations were
based on larvae and reared females (following Atwood
andPeck,1943;Ross,1955;Beckeretal.,1966;Beckerand
Benjamin,1967;Wilson,1977;Knerer,1984;Dixon,2004).
Included in this study were representatives of 17 de-
scribed and 2 undescribed lecontei group species. These
new species, which are referred to here as “N. species
1” and “N. species 2,” are morphologically and geneti-
callydistinctfromallknownspecies(LinnenandFarrell,
2007,2008)andwillbeformallydescribedelsewhere.The
only lecontei group species that were not sampled are
two species that are known only from Cuba: N. cuben-
sis Hochmut and N. insularis (Cresson). Also missing are
twosubspecies:N.merkelimaestrensisHochmut,whichis
known only from Cuba, and N. taedae taedae Ross, from
the southeastern United States.
In choosing specimens to include in molecular stud-
ies, multiple populations were included for each species
wheneverpossible,andpopulationswerechosentomax-
imizethegeographicalandecologicalvariationsampled
for each species. In total, 125 lecontei group individuals
representing 1 to 14 populations for each of 19 species
were included in this study (Supplementary Table 1;
available at http://www.systematicbiology.org). In ad-
dition, a single sertifer group species (N. autumnalis) was
included to root the lecontei group phylogeny. DNA se-
quencedataforeachsampleweregenerated,edited,and
aligned as described in Linnen and Farrell (2007) for the
following nuclear gene regions: a region of the F2 copy
of elongation factor-1  (EF1 ) that spanned portions of
two exons and a large intervening intron (Danforth and
Ji, 1998; Danforth et al., 1999; Nyman et al., 2006); a re-
TABLE 1. Summary of data sets and sampling schemes used in this
study. Numbers refer to ingroup taxa; range refers to the range of in-
dividuals sampled per species for a given data set.
No. of No. of
Data set Sampling scheme species individuals Range
LU Large; uneven 19 125 1–14
MOD Moderate size and symmetry 19 38 1–3
ExemA Exemplar; small and even 19 19 1
ExemB Exemplar; small and even 19 19 1
gion of rudimentary (CAD) that spanned portions of two
exons and two introns; and an anonymous nuclear lo-
cus (ANL43) (GenBank accession numbers EF361837 to
EF362376; TreeBASE accession number S2212). Because
mitochondrialgenesareunreliableforrecoveringphylo-
genetic history in Neodiprion (Linnen and Farrell, 2007),
only nuclear genes were used to estimate relationships
betweenspecies.Theﬁnalaligneddatasetforallnuclear
genes and all specimens included in this study was 2779
base pairs (bp) in length (1089-bp EF1 , 916-bp CAD,
774-bp ANL43).
Species-Tree Estimation
Sampling schemes.—To investigate the sensitivity of
each species-tree method to taxonomic sampling, four
data sets, representing three different sampling strate-
gies, were constructed (summarized in Table 1). The
ﬁrst data set (“LU” for large and uneven) was ana-
lyzed in a previous study (Linnen and Farrell, 2007) and
contained many individuals, but sampling was uneven
across species (1 to 14 samples per species). To construct
a smaller but more evenly sampled data set (“MOD”
for moderate size and symmetry), one to three popula-
tionswerechosenforeachspecies,withtheexactnumber
depending on availability of samples and distribution
of species (e.g., only a single population was available
for some species, whereas the maximum of three pop-
ulations was used for widely distributed, well-sampled
species). Finally, two even, but sparsely sampled, data
sets each included only a single individual per species
(“ExemA” and “ExemB” for exemplar sets A and B). In-
dividuals for the exemplar sets were sampled arbitrarily
from the MOD data set: ExemA included the individual
with the lowest collection ID number for each species;
ExemB included individuals with the highest collection
ID numbers. Collection data for all individuals and data
sets are given in Supplementary Table 1.
Although an additional data set that was both large
and evenly sampled would have completed the range
of possible sampling strategies investigated, such a sam-
ple was unavailable despite intensive collecting efforts.
However, most groups of organisms contain both rare
andcommonspecies,andthesamplesusedherearerep-
resentative of the range of samples typically available in
studies of closely related species.
Concatenation with monophyly constraints (CMC).—
Conceptually, monophyly constraints ﬁt most naturally
into a Bayesian framework for phylogenetic analysis
becausepreexistingtaxonomicinformation(speciesdes-
ignations) can be incorporated into the analysis as topo-
logical priors. Constrained Bayesian analyses of the
three concatenated nuclear genes were performed on
the four data sets described in the previous section
(LU, MOD, ExemA, and ExemB). For each analysis, se-
quence data were partitioned by locus (ANL43, EF1 ,
and CAD), and for each data set, models for individual
loci were selected using the Akaike information crite-
rion(AIC)andMrModelTestversion2.2(Nylanderetal.,
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across data partitions and among-partition rate varia-
tion was accommodated using rate multipliers (option:
prsetratepr=variable;seeMarshalletal.,2006).Bayesian
searches were performed in MrBayes version 3.1 (Ron-
quist and Huelsenbeck, 2003) and consisted of two con-
current runs (each with four to ﬁve Markov chains and
temperatures between 0.1 and 0.2), 10 to 15 million gen-
erations (sampled every 1000 generations), and a 25%
burn-in. Runs were considered to have converged on
the stationary distribution when there were no obvi-
ous trends in generation versus log-likelihood plots and
the average standard deviation of split frequencies was
below 0.01 (Ronquist et al., 2005). Finally, for compari-
son with constrained Bayesian analyses, unconstrained
searcheswereperformedusingthesamemodelsandrun
conditions as the constrained analyses.
To investigate the impact of partition choice on
Bayesian analyses, two additional partitioning schemes
were used: (1) a ﬁve-partition scheme in which protein-
coding genes (EF1  and CAD) were partitioned into in-
trons and exons, and (2) a seven-partition scheme in
which exons were further divided into ﬁrst+second and
third codon positions. Models for each partition were
chosenusingtheAICandMrModelTest.Finally,because
Bayesian inference is more sensitive to model under-
speciﬁcationthanover-speciﬁcation,additionalanalyses
in which a complex model of nucleotide substitution
(GTR+I+ ) was chosen for each partition were per-
formed (Huelsenbeck and Rannala, 2004).
Constrained and unconstrained analyses were also
performed using maximum likelihood (ML) and max-
imum parsimony (MP) to investigate the impact of anal-
ysismethod.MonophylyconstraintsforconstrainedML
and MP analyses were constructed in MacClade version
4.05 (Maddison and Maddison, 2000); for the exemplar
sets, monophyly constraints are implicit in the choice of
samples(i.e.,oneindividualperspecies).MLsearchesfor
the MOD, ExemA, and ExemB data sets were performed
onconcatenatednucleardatasetsinPAUP*4.0b10(Swof-
ford, 2000) with 1000 random addition sequences (RAS),
tree bisection-reconnection (TBR) branch swapping, and
the “MulTrees” option. Models and parameters for con-
catenated nuclear data were chosen for each data set us-
ing MrModelTest and the AIC. ML bootstrap analyses
consisted of 500 replicates, each with 10 random addi-
tion sequences and TBR branch swapping (“MulTrees”
option in effect). ML searches for the LU data set were
performed in GARLI version 0.951 (Zwickl, 2006) using
the model of sequence evolution selected by MrMod-
elTest and the AIC (model parameters were estimated
by GARLI). Automatic termination was enforced and
runswerestoppedwhen250,000generationshadpassed
withoutasigniﬁcantlybetterscoringtopology.Toensure
consistency of topologies and likelihood scores, GARLI
runs were repeated until similar topologies and likeli-
hood scores (all within 1 log-likelihood unit) were ob-
tained from three independent runs. The topology with
the best likelihood score of these three was then selected
as the ML tree (or if different topologies had the same
score, a strict consensus was used). Bootstrap analyses
werealsoperformedinGARLIandconsistedof500repli-
cateswiththeautomaticterminationcriterionreducedto
5000 generations.
MPsearchesforalldatasetswereperformedinPAUP*.
Searches for the MOD and exemplar sets consisted of
1000RAS,TBRbranchswapping,and“MulTrees.”When
searches returned multiple equally parsimonious trees,
results were summarized using a strict consensus. Boot-
strap searches for the MOD and exemplar data sets con-
sisted of 1000 replicates, each with 100 RAS, TBR branch
swapping, and “MulTrees.” MP searches and bootstrap
analysesfortheLUdatasetwerethesameasfortheother
data sets, except that each bootstrap replicate consisted
of 10 RAS and no more than 10 trees were saved for a
given replicate to reduce computation time.
Minimize deep coalescences (MDC).—The MDC method
seeks the species tree that minimizes the number of in-
complete lineage sorting (deep coalescence) events that
must be inferred to explain observed gene trees (Mad-
dison, 1997). Individual gene trees for the MDC method
were estimated for each data set using maximum likeli-
hood(modelparametersforeachgeneanddatasetwere
estimated as described in “Concatenation with Mono-
phylyConstraints”).MLanalysesforMOD,ExemA,and
ExemB were performed in PAUP* with 1000 RAS, TBR
branchswapping,andthe“MulTrees”option.FortheLU
data set, individual gene trees were estimated in GARLI
withthreeindependentrunspergene,eachwithatermi-
nation threshold of 250,000 generations. When analyses
(PAUP* and GARLI) returned multiple, equally likely
trees, a strict consensus was computed in PAUP* for use
in MDC analyses.
Once ML gene-tree estimates were obtained, MDC
searches were performed for all four data sets in
Mesquite version 1.12 (Maddison and Maddison, 2006)
with the following options: subtree pruning and re-
grafting (SPR) branch swapping, MAXTREES set to 100,
scores were computed using “Deep Coalescence Multi-
ple Loci,” contained gene trees were treated as rooted
(the sertifer group species, N. autumnalis, was used as an
outgroup),andgene-treepolytomieswereautomatically
resolved to minimize incompleteness of lineage sorting.
To investigatetheimpactofthe“auto-resolve”option,an
additional set of MDC searches was performed without
resolving polytomies.
Shallowest divergences (SD).—The SD method, which is
based on Takahata’s (1989) demonstration that the or-
der of interspeciﬁc coalescences within a group has a
high probability of matching the actual order of spe-
ciation events, utilizes a clustering algorithm to group
species and clades not by average pairwise sequence di-
vergences but by their most similar (i.e., fewest number
of nucleotide differences) pair of contained DNA se-
quences (Maddison and Knowles, 2006). For full and re-
duced data sets, aligned sequence matrices for the three
nuclear genes were imported into Mesquite version 1.12
and the “Cluster Analysis” option was used to perform
SD analyses. Following Maddison and Knowles (2006),
simple uncorrected DNA (p) distances were used, the
“closest” option was chosen as the method to count880 SYSTEMATIC BIOLOGY VOL.57
distancesamongcontainedtaxa(i.e.,samplesfromapar-
ticular species), and “single linkage” was chosen as the
cluster method.
Bayesian estimation of species trees (BEST).—The BEST
method utilizes a Markov chain Monte Carlo (MCMC)
algorithm to estimate the joint posterior distribution
of gene trees and the species tree under a hierarchical
Bayesianmodel.Thismodelconsistsof(1)thelikelihood
of the data given a vector of gene trees and substitution-
model parameters; (2) the prior distribution of substitu-
tionmodelparameters;(3)theprobabilitydistributionof
genetreesgiventhespeciestree(derivedfromcoalescent
theory);(4)thepriordistributionofthespeciestree(BEST
version 1 uses a birth-death species-tree prior; BEST ver-
sion2usesauniformprior);and(5)thepriordistribution
of   (Edwards et al., 2007; Liu and Pearl, 2007; Liu et al.,
2008).
BEST analyses were performed for each data set (Ex-
emA,ExemB,MOD,andLU)inBESTversion2(Edwards
et al., 2007; Liu and Pearl, 2007; Liu et al., 2008), which
is a modiﬁcation of MrBayes version 3.1.2 (Ronquist
and Huelsenbeck, 2003). Nucleotide-substitution mod-
els were selected for each locus and data set as described
in“ConcatenationwithMonophylyConstraints”andpa-
rameters were unlinked across data partitions (loci). To
investigate the impact of prior choice on species-tree in-
ference, multiple   and branch-length priors were used.
Speciﬁcally,aninversegammapriorwith  = 3andthree
different values of   (0.006, 0.02, and 1) was used for  .
These values were chosen to cover a biologically realis-
tic range of values of   for Neodiprion and are consistent
withsequence-basedestimatesof  calculatedinDNAsp
(Rozas et al., 2003; data not shown). In addition, for each
of the three   values, two branch-length priors were
used: (1) an exponential prior, in which gene-tree branch
lengthsareunconstrainedandfollowanexponentialdis-
tribution with the default parameter 10 (non-clock gene
trees are then converted to clock-like trees using the ad-
hoc method described in Edwards et al., 2007); and (2) a
coalescent prior, in which gene trees are constrained to
be clock-like (no ad hoc adjustment is needed).
In total, 24 sets of BEST analyses representing every
possiblecombinationofdataset(fourtotal),  prior(three
total), and branch-length prior (two total) were run. For
each data set/prior combination, a minimum of 10 inde-
pendentBESTrunswereperformed,eachconsistingofa
single Markov chain and 50 million generations, the ﬁrst
40millionofwhichwerediscardedasburn-in.If,after10
runs, no two analyses converged on a similar topology
(as judged by the average standard deviation of split fre-
quencies),resultsweresummarizedacrossallrunsusing
the“sumt”commandinBESTversion2toassessareasof
agreement/disagreement across independent analyses.
Comparison with Morphologically Based Hypotheses
Basedonadetailedstudyoflarvalandadultmorphol-
ogy, Ross (1955) named ﬁve “complexes” of species (vir-
ginianus, pratti, pinusrigidae, lecontei, and abbotii) within
the lecontei group and suggested that one of the ﬁve, the
abbotii complex, was sister to remaining species in the
group (Fig. 1). We asked whether these six hypothesized
groups were recovered in our species-tree estimates to
(1) draw direct comparisons between relationships im-
plied by different data set/method combinations and
(2) identify relationships that are both robust to method
choice and supported by multiple lines of evidence (i.e.,
morphological and molecular). Because their morphol-
ogy has not yet been formally described and no a pri-
ori hypotheses for their relationships to other Neodiprion
species exist, N. species 1 and N. species 2 were pruned
from species trees before scoring the presence/absence
of clades.
For trees estimated using the MDC and SD meth-
ods, we simply recorded the presence/absence of the
six lecontei group clades in Figure 1 for each data set;
when there were multiple MDC trees, the percentage of
trees containing each clade was recorded (SD analyses
returned only a single tree per data set). For the CMC
and BEST methods, Bayesian tests of monophyly were
performed. Speciﬁcally, for each data set/method com-
bination, each hypothesized clade in Figure 1 was eval-
uated and rejected if present in less than 5% (0.8% after
Bonferroni correction for n = 6 tests) of the post-burn-in
set of trees for that combination (e.g., Miller et al., 2002;
Buschbom and Barker, 2006; Linnen and Farrell, 2007).
RESULTS
Constrained and Unconstrained Analyses
The lengths, percentages of variable sites, and models
chosen by MrModelTest and the AIC are given in Ta-
ble 2 for each locus and data set—it is clear from this
table that increasing the number of individuals sam-
pled also increases the proportion of sites that are vari-
able and informative. These results demonstrate that
the added individuals in the larger data sets contribute
unique information for inferring relationships between
Neodiprion species.
TABLE 2. Length, percentage of variable sites, percentage of
parsimony-informative (PI) sites, and models selected by MrModel-
Test for each locus and data set.
Length Variable PI sites
Locus Data set (bp) sites (%) (%) Model
EF1  LU 1089 10.19 7.35 HKY+I
MOD 1089 8.26 3.95 HKY+I
ExemA 1089 7.07 2.30 HKY+I
ExemB 1089 6.98 2.39 HKY+I
CAD LU 916 5.68 3.71 GTR+I
MOD 916 4.15 1.86 HKY+I
ExemA 916 2.84 1.20 HKY+I
ExemB 916 3.38 0.98 HKY+I
ANL43 LU 774 13.70 9.04 GTR+I+ 
MOD 774 11.89 5.43 GTR+I+ 
ExemA 774 8.27 2.45 GTR+I+ 
ExemB 774 9.69 2.33 GTR+I+ 
All LU 2779 9.68 6.62 GTR+I+ 
MOD 2779 7.92 3.67 GTR+I+ 
ExemA 2779 6.01 1.98 GTR+I+ 
ExemB 2779 6.55 1.91 GTR+I+ 2008 LINNEN AND FARRELL—SPECIES-TREE ESTIMATION IN NEODIPRION 881
FIGURE 1. Neodiprion relationships proposed by Ross (1955) based on morphology. The key morphological characters (and the life-history
stage to which they apply) that Ross (1955) used as a basis for these groupings are given for each clade.
For both constrained and unconstrained Bayesian
analyses, there were no obvious trends in the genera-
tion versus log-likelihood plots and average standard
deviation of split frequencies were all below 0.01, which
suggests that these searches converged on the stationary
distribution(Ronquistetal.,2005).Also,resultsobtained
inBayesiananalyseswererobusttochoiceofpartitioning
schemes and substitution models (results not shown);
therefore, only results from the three-partition (ANL43,
CAD, EF1 ) analysis are shown.
As was the case with a previous analysis of the
LU data set (Linnen and Farrell, 2007), the uncon-
strained phylogeny contains several strongly supported
clades(>95%posteriorprobabilities);however,thereare
some unresolved (or poorly supported) nodes and ﬁve
species were recovered as non-monophyletic (Supple-
mentary Fig. 1; all supplemental ﬁgures are available at
http://www.systematicbiology.org).Examinationofthe
ML estimates and patterns of variation for individual
genes (Supplementary Figs. 2 to 4; Table 2) reveals that
these difﬁculties likely stem from a combination of low
levels of informative variation at individual loci, discor-
dancebetweengenetrees,andalackofreciprocalmono-
phyly within individual gene trees.
Comparing unconstrained and constrained analyses
for the largest data set (LU), it can be seen that both
analyses recovered the same overall tree structure with
similar levels of support (Supplementary Fig. 1; Fig. 2a),
which suggests that the inclusion of monophyly con-
straints does not have a large impact on the inference
of interspeciﬁc relationships. Bayes factors calculated
fromtheharmonicmeansofthelikelihoodsfromuncon-
strained and constrained analyses suggest that the more
complex model (i.e., unconstrained) should be preferred
for the MOD and LU data sets (2ln(B10) > 10; Table 3;
Kass and Raftery, 1995; Nylander et al., 2004). This does
not imply, however, that the three nuclear genes lack a
sharedhistory.Infact,explicitlymodelingspeciesmono-
phyly and a shared history (i.e., the hierarchical model
implemented in BEST) resulted in a dramatic improve-
ment in likelihood scores for all data sets. For example,
the BEST model with the coalescent prior was decisively
favored over the model employed in the unconstrained
Bayesian analyses (2ln(B10) > 100; Table 3).
Results obtained from constrained Bayesian, parsi-
mony, and likelihood analyses of the three nuclear genes
(EF1 , CAD, and ANL43) for the four data sets (Ex-
emA, ExemB, MOD, and LU) are summarized in Table 3,
Figure 2a, and Supplementary Figure 5. Across all four
data sets, there was strong agreement between con-
strained Bayesian, ML, and MP analyses. Speciﬁcally,
most nodes were agreed upon by all three methods882 SYSTEMATIC BIOLOGY VOL.57
FIGURE 2. Species trees estimated for the LU data set using (a) concatenation with monophyly constraints (CMC), (b) minimize deep
coalescences(MDC),and(c)shallowestdivergences(SD).Starsindicatecladesthatwererecoveredacrossallfourdatasets.Supportforindividual
branches is indicated in (a) as follows: Bayesian posterior probabilities are above each node; maximum-likelihood (ML) bootstrap/maximum-
parsimony (MP) bootstrapvalues arebelow each node(in thatorder);a “<”indicatesnodes that were present inMLor MPanalysesbutreceived
less than 50% bootstrap support; a “U” indicates nodes that were unresolved (but not conﬂicting); an “X” indicates that a conﬂicting relationship
was recovered by ML or MP with less than 50% bootstrap support. In (b), numbers above and below nodes indicate the percentage of MDC trees
that contained that clade for the “auto-resolve” (above) and “no auto-resolve” (below) analyses; an “X” indicates that a conﬂicting relationship
was recovered using the “no auto-resolve” option. Clade labels “A” and “B” denote clades that are discussed further in the text.2008 LINNEN AND FARRELL—SPECIES-TREE ESTIMATION IN NEODIPRION 883
FIGURE 3. Species-tree estimates for the BEST method (using   = 0.02 for the   prior) for all data sets and branch-length priors. Numbers
above each node are Bayesian posterior probabilities for   = 0.02; posterior probabilities for   = 0.006 and   = 1a re given below each node
(in that order); an “X” indicates that a conﬂicting relationship was recovered under the different   value. For a given data set/branch-length
combination, clades that were recovered with posterior probabilities of 50% or above by all   priors are indicated by gray circles. Stars in the
LU trees indicate clades that were recovered by all data sets for a given set of priors. Clade labels “A” and “B” denote clades that are discussed
further in the text.
(althoughsomeofthesereceived<50%MLandMPboot-
strapsupport)andtherewerenostronglysupportedcon-
ﬂicts(i.e.,inthethreecaseswhereonemethodconﬂicted
with the other two, bootstrap support for this node was
less than 50%; Fig. 2a, Supplementary Fig. 5). In addi-
tion, although sampling did have some impact on CMC
analyses(e.g.,positionofN.compar;r elationshipswithin
the clade containing N. abbotii + N. species 1 + N. nigros-
cutum + N. taedae), most nodes (12) were identical across
all data sets (see starred clades in Fig. 2a).
MDC, SD, and BEST
The ML gene trees used in MDC analyses are given in
Supplementary Figures 2 to 4 (ML trees are shown for
the largest data set only), and the extent of incomplete
lineage sorting (inferred from MDC scores; Table 3) in
the species trees inferred from these gene trees is compa-
rable to values observed for simulated species trees with
a shallow depth (i.e., recent divergence; Maddison and
Knowles, 2006). MDC scores for the analyses that auto-
matically resolved polytomies were substantially better
(lower) than scores for analyses that did not (Table 3).
In addition, for every data set, the auto-resolve option
had a large impact on the species-tree estimated using
the MDC approach (see clades denoted by “X” in Fig. 2b
and Supplementary Fig. 6). These observations suggest
that how uncertainty in individual gene trees is handled
can have a large impact on MDC species-tree estimates.
TheSDmethodreturnsasinglespecies-treeestimateand
thesearegiveninFigure2c(LUdataset)andSupplemen-
tary Figure 7 (remaining data sets). Taxonomic sampling
had a large impact on the MDC and SD methods—for
bothmethods,onlyﬁvenodeswereidenticalacrossdata
sets (see starred clades in Figs. 2b and 2c).
The results of all BEST analyses are summarized in
Table 3 and Figure 3. With the exception of two com-
binations of data set/  prior/branch-length prior (the884 SYSTEMATIC BIOLOGY VOL.57
FIGURE 4. Average interspeciﬁc genetic distance (uncorrected p), ancestral   (4 Nu), divergence time (tu), and migration rate for the A and B
clades (clades correspond to labeled clades in Figs. 2 and 3). Average interspeciﬁc values were estimated as described in Table 5 and in the text.
To facilitate comparisons between different parameters, the highest value for each of the four parameters was assigned a value of one and all
other estimates for that parameter were scaled accordingly. Asterisks indicate parameters for which there was a signiﬁcant difference between
the two clades (P < 0.05; one-tailed Mann-Whitney U-test).
TABLE 3. Summary of tree scores for all data set/method combi-
nations. Analysis abbreviations are as follows: constrained maximum
parsimony(CMP),constrainedmaximumlikelihood(CML),minimize
deepcoalescences(MDC),unconstrainedBayesian(UB),concatenation
withmonophylyconstraints(CMC),Bayesianestimationofspeciestree
(BEST). Scores are given for MDC analyses conducted with (“auto-
res.”) and without (“no auto-res.”) automatic resolution of polytomies.
Priors for BEST analyses are given in parentheses as follows: numbers
indicate values of   used for the   prior and letters indicate whether
a coalescent (“C”) or exponential (“E”) branch-length prior was used.
Negative log-likelihood ( ln L) values are given for all Bayesian anal-
yses (UB, CMC, BEST) and are the harmonic means of the estimated
marginal likelihoods of all post-burn-in trees. For each data set, the
highest log-likelihood score is indicated in bold.
Data set
ExemA ExemB MOD LU
No. of CMP trees 17 14 4 2200
CMP tree length 218 239 305 431
No. of CML trees 1111
CML -Ln L 5350.66 5505.81 6070.70 7092.39
No. of MDC trees (auto-res.) 100 20 18 9
MDC score (auto-res.) 29 38 57 127
No. of MDC trees (no auto-res.) 1882
MDC score (no auto-res.) 71 68 168 300
UB  ln L 5370.79 5524.42 6167.93 7307.67
CMC  ln L 5370.79 5524.42 6187.67 7323.03
BEST  ln L (0.006, E) 5564.90 5714.21 6391.28 8333.73
BEST  ln L (0.02, E) 5576.92 5676.14 6397.46 8358.98
BEST  ln L (1, E) 5582.94 5719.30 6373.59 8329.90
BEST  ln L (0.006, C) 5310.21 5428.64 5975.17 7281.66
BEST  ln L (0.02, C) 5298.00 5423.99 5952.01 7134.09
BEST  ln L (1, C) 5305.45 5430.35 5942.25 6979.55
ExemA and ExemB data sets, both with coalescent prior
and   = 1), none of the BEST analyses had an average
standarddeviationofsplitfrequenciesbelow0.01(range:
0.015 to 0.283), which indicates that independent runs
for each of these combinations did not converge on the
same topology. This failure to converge could be due to
a combination of insufﬁcient run times and inefﬁcient
searching of tree-space; however, this explanation seems
unlikelygiventhat(1)post-burn-inlog-likelihoodversus
generationplotswereﬂat(i.e.,increasedruntimeswould
have been unlikely to produce a better solution) and (2)
altering run conditions (e.g., increasing the number of
Markov chains and altering the “propTemp” and “pois-
sonmean”searchparameters)didnotresultinimproved
log-likelihood scores (results not shown). It seems more
likely that the observed lack of convergence stems from
the existence of multiple species-tree solutions that pro-
vide equally good explanations for the data under the
givenmodels.Additionaldatamaythereforeberequired
toimproveconvergenceandspecies-treeinferenceusing
BEST, and results from analyses that did not converge
should be interpreted with caution and reevaluated as
additional loci and populations are sampled. Never-
theless, when results were summarized across 10 inde-
pendent runs for a given combination, several clades
received high support, indicating that there were at least
someconsistenciesacrossindependentruns(Fig.3).Fur-
ther, when a second set of 10 runs was performed for a2008 LINNEN AND FARRELL—SPECIES-TREE ESTIMATION IN NEODIPRION 885
subsetofdataset/priorcombinations,resultswerecom-
parabletothoseobtainedbytheﬁrstsetof10runs(results
not shown).
Both branch-length and   priors inﬂuenced species-
tree estimates obtained by BEST analyses (Fig. 3). For
each data set, different relationships were recovered by
exponential (Fig. 3a to d) and coalescent (Fig. 3e to h)
priors, and a comparison of the log-likelihood scores
obtained under these two priors suggests that the co-
alescent prior provides a better explanation of the data
(Table3).Likewise,foreachdataset/branch-lengthprior
combination,thespecies-treeestimatedependedtosome
degree on the   prior. This ﬁnding contrasts with a pre-
vious study in which the species-tree topologies esti-
mated from two multi-locus data sets were found to be
robust to choice of   prior (Liu and Pearl, 2007). Never-
theless, clades that received high posterior probabilities
(>70%)forone  priortendedtoberecoveredwithsome
TABLE 4. Comparison of morphologically based hypotheses to results obtained across species-tree methods and data sets. Method and data
set abbreviations are as described in the text and in Table 3. Priors for BEST analyses are given in parentheses: numbers refer to the value of  
for the   prior and “exp.” and “coal.” refer to the exponential and coalescent branch-length priors. Clade names correspond to those in Figure
1 and numbers indicate the percentage of trees from a given method/data set combination that contained a particular clade. For MDC and SD
analyses, an “X” indicates clades that were absent; for CMC and BEST analyses, an “X” indicates clades present in fewer than 5% (0.8% after
Bonferroni correction for n = 6 tests) of all post-burn-in trees.
Virginianus Pratti Pinusrigidae Lecontei Abbotii non-Abbotii
Method Data set complex complex complex complex complex clade
CMC LU 100 X 100.00 83.20 X X
MOD 99.99 X 100.00 11.42 X X
ExemA 99.87 X 100.00 1.85 X X
ExemB 99.37 X 100.00 8.53 X X
MDC LU (auto-res.) X X 100.00 X X X
LU (no auto-res.) X X 100.00 100 X X
MOD (auto-res.) X X 100.00 100 X X
MOD (no auto-res.) X X 100.00 50 X X
ExemA (auto-res.) X X 100.00 100 X X
ExemA (no auto-res.) X X 100.00 100 X X
ExemB (auto-res.) X X 100.00 100 X X
ExemB (no auto-res.) X X 100.00 100 X X
SD LU X X 100.00 100 X X
MOD X X 100.00 100 X X
ExemA X X 100.00 100 X X
ExemB X X 100.00 100 X X
BEST LU (0.006, exp.) 11.27 X 90.03 12.53 X X
LU (0.02, exp.) 22.06 X 63.30 11.99 X X
LU (1, exp.) 31.62 1.32 82.31 19.04 X X
LU (0.006, coal.) 1.35 X 98.57 62.56 X X
LU (0.02, coal.) 5.36 X 88.83 59.94 X X
LU (1, coal.) 1.62 X 94.03 96.77 X X
MOD (0.006, exp.) 12.58 X 59.90 22.66 X X
MOD (0.02, exp.) 23.95 15.46 88.74 26.13 X X
MOD (1, exp.) 61.27 2.83 84.38 18.35 X X
MOD (0.006, coal.) 20.56 2.95 99.74 48.59 X X
MOD (0.02, coal.) 21.85 2.51 99.17 57.92 X X
MOD (1, coal.) X X 97.07 69.56 X X
ExemA (0.006, exp.) 8.33 25.00 89.81 7.65 8.33 X
ExemA (0.02, exp.) 5.68 X 75.65 10.00 X X
ExemA (1, exp.) 16.38 8.52 72.11 10.00 X X
ExemA (0.006, coal.) 10.00 X 100.00 1.37 X X
ExemA (0.02, coal.) 30.00 X 96.97 X X X
ExemA (1, coal.) 1.50 0.92 63.23 6.08 X X
ExemB (0.006, exp.) X X 80.00 X X X
ExemB (0.02, exp.) X X 58.33 X X X
ExemB (1, exp.) 17.84 2.53 58.06 1.33 X X
ExemB (0.006, coal.) 15.34 X 100.00 10.00 X X
ExemB (0.02, coal.) 20.00 X 90.00 X X X
ExemB (1, coal.) 3.60 X 84.28 12.22 X X
support (>50% posterior probabilities) by other   pri-
ors (see circled nodes in Fig. 3). Surprisingly, the   prior
with the highest, and perhaps most unrealistic (based on
sequence-based estimates of   for Neodiprion),   value
(  = 1) consistently returned the best likelihood scores
for the multiple-allele data sets (MOD and LU), whereas
the exemplar data sets (ExemA and ExemB) preferred
lower values for the   prior (  = 0.006 or 0.02; Table 3).
A potential explanation for this pattern is considered in
the discussion.
As was the case for the other species-tree methods in-
vestigated, BEST species-tree estimates were dependent
on taxonomic sampling, and some nodes were recov-
ered by all data sets (see starred clades in Fig. 3d and
h). Interestingly, posterior probabilities obtained using
the BEST method were consistently lower than those
obtained using the CMC method (Figs. 2 and 3; Table
4). Belﬁore and colleagues (2008) noted a similar pattern886 SYSTEMATIC BIOLOGY VOL.57
in their analysis of relationships within the rodent genus
Thomomys. However, in contrast to the Thomomys study,
support for nodes within Neodiprion tended to decrease
rather than increase as individuals were added to BEST
analyses (Fig. 3).
In summary, species-tree estimates were heavily de-
pendentonbothanalysismethodandsampling.Theim-
pact of analysis method can be seen by examining all
phylogenies obtained for a given data set—for all data
setsexamined,eachmethodrecoveredadifferentspecies
phylogeny (Figs. 2 and 3; Supplementary Figs. 5 to 7).
Likewise,theimpactofsamplingbecomesobviouswhen
all topologies obtained by a given method are compared
(Figs. 2 and 3; Supplementary Figs. 5 to 7).
Comparison with Morphologically Based Hypotheses
Table 4 summarizes the agreement between each
method/data set combination and Ross’s (1955) six hy-
pothesized lecontei group clades (Fig. 1). One clade—
the pinusrigidae complex—was present in all MDC and
SD analyses and received high posterior probabilities
in Bayesian analyses (CMC and BEST). Although pos-
terior probabilities tended to be lower than for the
pinusrigidae complex, the lecontei complex was never-
theless present/not rejected by most analysis/data set
combinations. Support across methods/data sets for the
virginianus and pratti complexes was more mixed. The
virginianus complex was not recovered in any MDC or
SD trees but could not be statistically rejected in the ma-
jority of CMC and BEST analyses. In contrast, the pratti
complex was rejected/absent in all CMC, MDC, and SD
analyses, but several BEST analyses could not statisti-
callyrejectthisclade.Finally,twoclades—thenon-abbotii
group and the abbotii complex—were rejected/absent in
all (or nearly all) analyses.
Outside of Ross’s (1955) hypotheses, several addi-
tional areas were concordant across methods. Most no-
tably, with the exception of two SD trees (MOD and LU
data sets) and two MDC trees (ExemA and MOD), all
methods/data sets recovered two major clades within
Neodiprion (clades “A” and “B” in Figs. 2 and 3); in BEST
and CMC analyses, these clades received high support.
Inaddition,relationshipswithinthepinusrigidaecomplex
wereidenticalinnearlyallanalysesandrelationshipsbe-
tween N. maurus + N. pratti and between N. abbotii + N.
nigroscutum + N. species 1 were recovered in many of
the Bayesian analyses (Figs. 2 and 3).
Comparison of results obtained from different meth-
ods and data sets also reveals that some areas of the
Neodipriontreearemoreimpactedbysamplingthanoth-
ers. Speciﬁcally, for all but the CMC method, relation-
ships within clade A tended to depend more heavily on
the individuals sampled than did relationships within
clade B (this pattern can be seen by looking at the dis-
tribution of starred nodes in Figs. 2 and 3). A difference
in the amount of phylogenetically informative variation
does not appear to explain these differences because
interspeciﬁc genetic distances are similar in these two
clades (Table 5 and Fig. 4; uncorrected p distances were
TABLE 5. Average interspeciﬁc genetic distance, ancestral  , diver-
gence time, and population migration rate for clades A and B (see Figs.
2 and 3). Pairwise genetic distances (p) are uncorrected and were cal-
culated in Mesquite. Remaining parameter estimates are from Linnen
and Farrell (2007; see also Linnen, 2007) and were obtained using the
programIM(HeyandNielsen,2004).Ancestral  (per-locus)anddiver-
gence time estimates are scaled by the mutation rate u, and population
migration rates are averaged across nuclear loci. Only pairwise com-
parisonsthatreturnedcompletedistributionsforallIMparametersare
included in clade averages.
Genetic Ancestral Divergence Migration
Clade distance (p)  (4 Nu) time (tu) rate (2 Nm)
A 0.00775 5.56 5.32 0.368
B 0.00732 2.08 7.70 0.0510
calculated for all species pairs in each clade in Mesquite
v. 1.12;thesedistanceswerenotsigniﬁcantlydifferentac-
cordingtoaone-tailedMann-WhitneyU-test,U =495.0,
p = 0.50). Three additional factors that could explain
the observed differences between clades A and B are
ancestral population sizes, divergence times, and gene-
ﬂow rates. Speciﬁcally, larger ancestral population sizes,
shorter divergence times, and higher levels of interspe-
ciﬁcgeneﬂowwouldallbeexpectedtoreducethematch
between gene trees and the underlying species trees in,
and therefore make phylogenetic inference more difﬁ-
cultfor,theAclade.Estimatesfortheseparameterswere
available from a previous investigation that used the
program IM (Hey and Nielsen, 2004) to compare mito-
chondrial and nuclear gene ﬂow between lecontei group
species pairs (Linnen and Farrell, 2007; Linnen, 2007).
Using only those comparisons that returned complete
posterior distributions for all parameters in the Isolation
with Migration model (Nielsen and Wakeley, 2001; Hey
and Nielsen, 2004), we found that clades A and B dif-
fered signiﬁcantly with respect to ancestral population
size ( A; U = 173; p = 0.042) and nuclear gene ﬂow rates
(2Nm; U = 178; p = 0.027) but not divergence times (tu;
U =161;p=0.099;alltestsareone-tailedMann-Whitney
U-tests; see Fig. 4 and Table 5).
DISCUSSION
Incompletelineagesorting,introgression,andlowlev-
els of genetic variation, all of which are expected in
groups that have diverged rapidly and recently, com-
plicate phylogenetic inference in the genus Neodiprion.
In this study, we employed four strategies for species-
treeinference,includinganovelapproachthatcombines
monophyly constraints with concatenation to permit the
inclusion of multiple individuals per species. We found
that sampling of individuals, choice of method, and,
for the BEST method, choice of priors all impacted our
results. Comparing methods, we found that the CMC
method was the least sensitive to taxonomic sampling
(i.e., for the most part, the same relationships were re-
covered by all four data sets). We also found that, al-
though interspeciﬁc genetic variation is low due to the
recent divergence of the lecontei group, incomplete lin-
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the main factors complicating species-tree inference in
Neodiprion. Despite these difﬁculties, we identiﬁed mul-
tiple clades that were robust to both method choice and
sampling and several of these clades corresponded to
relationships supported by morphological evidence. Po-
tential explanations for these patterns, as well as impli-
cations for Neodiprion phylogeny, are discussed in more
detail below.
Comparison of Species-Tree Methods
Of all the methods examined, CMC was the least sen-
sitive to sampling—12 out of 17 nodes were identical
across all data sets, compared to 5 to 7 out of 17 for
the MDC, SD, and BEST methods (Figs. 2 and 3). For
the MDC and SD methods, one possible explanation
for the strong dependency on sampling we observed
is that these methods do not account for uncertainty
in individual gene-tree estimates. Several observations
are consistent with this explanation, including low lev-
els of variation (Table 2), low bootstrap support in ML
gene-tree estimates (Supplementary Figs. 2 to 4), and
the observation that MDC estimates were heavily in-
ﬂuenced by whether polytomies were automatically re-
solved (Table 3; Fig. 2; Supplementary Fig. 6). For the
BEST method, one possible explanation for the observed
dependence on both sampling and priors is that the ma-
jority of data set/prior combinations failed to converge
onasinglespecies-treesolution—itispossible,then,that
additional data, longer run times, and/or different run
settings might have produced a well-supported topol-
ogythatwasrobusttosamplingandpriors.Insupportof
this argument, agreement between the two data sets that
did converge was closer (10 shared nodes) to what was
observed for the CMC method. However, these explana-
tions do not shed light on our observation that, despite
similarlevelsofinterspeciﬁcgeneticdivergence,cladeA
appeared to be much more dependent on sampling than
clade B for the MDC, SD, and BEST methods but not the
CMC method (Figs. 2 and 3).
Impactofgeneﬂowonspecies-treemethods.—Anotherrea-
son why the CMC method was less dependent on taxo-
nomic sampling than the BEST, SD, and MDC methods
might be that the latter are more sensitive to violations
of the assumption of no gene ﬂow. In support of this
hypothesis, gene-ﬂow rates appear to be higher in the A
clade,withinwhichthesethreemethodsseemtohavethe
mostdifﬁcultyresolvingrelationships,thanintheBclade
(Fig. 4; Table 5). All four methods assume that there has
beennogeneﬂowfollowingspeciation,andthisassump-
tion is clearly violated in Neodiprion (Linnen and Far-
rell, 2007); however, low levels of gene ﬂow may impact
these methods in different ways. First, as Maddison and
Knowles (2006) point out, the SD method may be partic-
ularly prone to misinterpret recently introgressed alleles
as evidence for close relationships between species. Sec-
ond,whentheMDCmethodisused,introgressionevents
will be erroneously interpreted as variation shared be-
tween species due to deep coalescence. Different indi-
viduals may uncover evidence of different introgression
(andcoalescent)eventsand,therefore,differentdatasets
may result in dissimilar MDC trees.
Third, the model implemented in BEST assumes that
all gene divergences pre-date speciation events (i.e.,
no interspeciﬁc gene ﬂow); violations of this assump-
tion will place strong restrictions on species-tree branch
lengths and may mislead species-tree inference (Liu
and Pearl, 2007). More speciﬁcally, when interspeciﬁc
gene ﬂow has been prevalent (i.e., gene-tree divergences
post-date species divergences), BEST is expected to fa-
vor species trees with large effective population sizes
and short divergence times. This may explain, in part,
why higher values of   gave the best results for the
larger data sets (Table 3): as sampling was increased
within species, more introgression events were uncov-
ered, which caused BEST to prefer models with larger
effective population sizes. Moreover, because the signal
of past introgression is dependent on the number and
identity of individuals sampled, different data sets may
placedifferentrestrictionsonspecies-treebranchlengths
and, therefore, produce different BEST topologies.
Fourth, and ﬁnally, the CMC method differs from the
BEST and MDC methods in that data are concatenated,
which means that phylogenetic signal that is consistent
across loci will be retained, whereas instances of in-
trogression at single loci and/or single individuals (or
incomplete lineage sorting for that matter) may be over-
come by a more dominant, presumably phylogenetic,
signal in the data (Baker and DeSalle, 1997; de Queiroz
et al., 1995; Kluge, 1989; Wiens, 1998; Lerat et al., 2003;
deQueirozandGatesy,2007).Thisswampingeffectmay
explain why the CMC method was more robust to sam-
pling compared to the other methods, but because we
do not know the “true tree,” we do not know how well
this decreased sensitivity corresponds to accuracy. It is
possible, for example, that the dominant signal in the
data does not match the species tree. However, as we
discuss below, the inclusion of multiple individuals per
species should, in theory, improve the accuracy of the
CMC method.
Concatenation, anomalous gene trees, and taxon
sampling.—A critical assumption of the concatena-
tion approach is that the predominant phylogenetic
signal in the data accurately reﬂects the underlying
species tree. Unfortunately, when internal branches in
the species tree are sufﬁciently short in comparison
to external branches, this assumption is likely to be
violatedbecausegenetreesthatdonotmatchthespecies
tree are more probable than matching gene trees (these
non-matching trees have been dubbed “anomalous gene
trees” or “AGTs”; Degnan and Rosenberg, 2006; Rosen-
berg and Tao, 2008). Not surprisingly, concatenation
has been shown to perform poorly under conditions
conducive to AGTs (Edwards et al., 2007; Kubatko and
Degnan, 2007). However, only a single individual was
sampled per species in these studies, and, as some au-
thors have pointed out, sampling multiple individuals
per species might lessen the impact of AGTs (Degnan
and Rosenberg, 2006; Kubatko and Degnan, 2007). This
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demonstrated that increasing the number of individuals
sampled per species increases the match between gene
trees and species trees (Takahata, 1989; Rosenberg, 2002)
andtheaccuracyofspecies-treemethods(Maddisonand
Knowles,2006).Whenmultipleindividualsaresampled,
however, species-trees estimated using the concate-
nation approach become difﬁcult to interpret because
recently diverged species may be non-monophyletic
at most loci (Hudson and Coyne, 2002; Funk and
Omland,2003;CarstensandKnowles,2007).Aswehave
demonstrated here, this ambiguity can be removed by
incorporating monophyly constraints into the analysis
of concatenated data. In summary, we expect the CMC
method to perform well in species-tree estimation even
when gene ﬂow and incomplete lineage sorting are
both prevalent because (1) shared signal in the data
swamps out non-phylogenetic noise, (2) the probability
that this shared signal results from an anomalous gene
tree is lessened by the inclusion of multiple individuals,
and (3) monophyly constraints produce a result that
can be interpreted as a species tree. We acknowledge,
however, that simulation studies are needed to test
these intuitions regarding the performance of the CMC
method.
Assumptions of Species-Tree Methods
All species-tree methods used in this study make two
assumptions:(1)speciesareaccuratelydelimitedaccord-
ing to whatever species deﬁnition one chooses, and (2)
the species tree is bifurcating. The ﬁrst assumption is
inherent in any attempt to construct a species tree for
individuals sampled from nature (including exemplar
approaches). The second assumption is likely valid for
manygroupsoforganisms.Evenwheninterspeciﬁcgene
ﬂow is present, species histories can be described as bi-
furcatingifmostintraspeciﬁcvariationstemsfromnovel
mutation and ancestral variation from a single popula-
tion.Toaccountforthesesituations,species-treemethods
could incorporate models that describe the occasional
leakageofallelesacrossspeciesboundariesintoanother-
wisebifurcatinghistory(e.g.,NielsenandWakeley,2001;
Hey and Nielsen, 2004, 2007). In contrast, one decid-
edly nonbifurcating process is hybrid species formation,
in which a signiﬁcant portion of intraspeciﬁc variation
originates from multiple ancestral populations (parental
species). There is growing evidence that hybrid specia-
tion has occurred in a wide range of plant and animal
lineages (Arnold, 2006; Mallet, 2007), and, in Neodiprion,
a hybrid origin has been proposed for one species (N.
merkeli; Ross, 1961). Although this hypothesis remains
to be tested (more N. merkeli individuals and more loci
are needed), it suggests that a dichotomously branch-
ing species tree may not be an accurate representation
of Neodiprion history. At present, however, our assump-
tion that the Neodiprion tree is bifurcating is supported
by three observations: (1) interspeciﬁc nuclear gene ﬂow
is low (2Nm < 1) (Linnen and Farrell, 2007; Table 5), (2)
species remain morphologically distinct in spite of this
gene ﬂow, and (3) the hierarchical model implemented
in BEST explains the nuclear data better than a model
that does not take shared history into account (Table 3).
Nevertheless, this assumption should be reevaluated as
new evidence and new methods become available. For-
tunately, model-based species-tree methods provide a
framework within which multiple types of diversiﬁca-
tion models (including non-bifurcating ones) could be
incorporated and tested.
Implications for Neodiprion Phylogeny
Although we have discussed issues of species-tree es-
timation at length, the ultimate goal of this study was
to generate a phylogenetic estimate to be used in future
comparative studies of Neodiprion speciation. Given cur-
rently available methods and data, we propose that the
phylogeny in Figure 2a is our best estimate of lecontei
group relationships. We choose this phylogeny because
(1) the CMC method was much less sensitive to taxo-
nomicsamplingthanotherspecies-treemethods,and(2)
this phylogeny was estimated using all available sam-
ples (Rosenberg, 2002). Like any phylogenetic hypothe-
sis, this species tree should be reevaluated as new data
and methods become available. Also, any study that re-
lies on this phylogeny should consider the sensitivity
of conclusions to the presence/absence of clades that
were unstable across data sets and/or analysis meth-
ods. Fortunately, by combining results obtained from
these four diverse methods, we have identiﬁed several
portions of the Neodiprion phylogeny that are robust
to taxonomic sampling and method choice (Kim, 1993;
MiyamotoandFitch,1995;KnowlesandCarstens,2007).
We found, for example, that almost none of the analyses
supported Ross’s hypothesis that N. compar, N. nigros-
cutum, and N. abbotii form a monophyletic group (Fig.
1; Table 4)—this suggests that the larval coloration Ross
(1955) used to group these species is the result of conver-
gent evolution, not shared ancestry. Also, all (or nearly
all) method/data set combinations recovered the pinus-
rigidae complex, lecontei complex, and several additional
groupings (e.g., clades A and B in Figs. 2 and 3).
CONCLUSIONS
Our efforts to estimate a species tree for Neodiprion il-
lustrate the challenge that is faced when a phylogenetic
estimate is sought for a group that diverged rapidly and
recently.Fortunately,recentworkhasshownthatthereis
considerableinformationthatcanbeextractedfromgene
trees, even (or perhaps especially) when they are discor-
dant with one another and contain non-monophyletic
species(e.g.,HeyandNielsen,2004,2007;Maddisonand
Knowles, 2006; Carstens and Knowles, 2007; Belﬁore et
al., 2008). To take advantage of this information, multi-
ple individuals must be sampled per species and phylo-
genetic methods must focus on the processes that have
shaped variation within and between species. However,
species-tree methods are still in their infancy and we are
a long way from models that adequately describe di-
versiﬁcation in real organisms. In particular, although
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havebeendeveloped(LiuandPearl,2006;Edwardsetal.,
2007; Carstens and Knowles, 2007), these need to be ex-
panded to include post-divergence gene ﬂow and diver-
siﬁcation histories that are not strictly bifurcating. Until
such methods are available, we suggest using multiple
species-treemethodstoinformconﬁdenceinspecies-tree
estimates. We agree with others who have argued that a
different approach to phylogenetic analysis is required
when the species tree, not the contained gene trees, is
the parameter of interest (e.g., Maddison, 1997; Maddi-
son and Knowles, 2006; Carstens and Knowles, 2007;
Edwards et al., 2007; Liu and Pearl, 2007). We look
forward to future developments in this exciting ﬁeld
and their application to long-standing questions regard-
ing the ecology and geography of speciation in groups
that have undergone rapid diversiﬁcation (e.g., crater
lake cichlids, Hawaiian silverswords, Anolis lizards,
columbines, and Gal´ apagos ﬁnches).
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